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There are problems associated with the use of existing
educational performance indicators when comparing fur-
ther education colleges in Scotland. Several approaches
have been suggested to avoid or resolve problems in
comparing performance indicators. This paper reports
the results of a pilot study using hot-deck multiple im-
putation as a method of comparing performance on one
particular course in six colleges. Two different modelling
scenarios are examined and compared. Results from
the two scenarios are consistent, showing that colleges
which perform well using one modelling approach also
perform well in the other.
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1. Introduction
TheScottish Further andHigherEducation Fund-
ing Council (SFC) is the body that distributes
funding for teaching and learning, research and
other activities in Scotland’s universities and
colleges. There are 43 colleges and 20 higher
education institutions currently funded by the
SFC, and data are collected on students attend-
ing these institutions. One of the key functions
is to establish targets and indicators of perfor-
mance, and to monitor student progress.
A Performance Indicator (PI) is a summary sta-
tistical measure on an institution or “system”
that is intended to be related to the quality of its
functioning. These measures can be designed
to measure different aspects of the system and
can be classified into three main categories: in-
put, process and outcome [1]. The percentage
of staff with a teaching qualification may be
used as an input indicator, the number of staff
contact hours per student is an example of a pro-
cess indicator, and student pass rate is an out-
come indicator. PIs on all Scottish Further Ed-
ucation colleges are currently produced by the
SFC. Theywere primarily developed tomeet the
needs of the Council and the further education
sector. They are also expected to be of interest
to a wider audience e. g. prospective students,
local enterprise companies and schools. The
PIs cover areas such as the volume of further
and higher education being delivered, the qual-
ity of provision reported by the Inspectorate,
student satisfaction, student retention rates, stu-
dent achievement rates, and staff qualifications
and staff indicators.
However, given that institutions, whose perfor-
mance is being measured, are competing for
funds and market share, there is an incentive
for them to create and publicise their own in-
dicators of performance, in areas in which they
perform well, or they may selectively report the
rankings of external bodies [2]. Therefore there
is the possibility of multiple and contradictory
PIs being created, and there is a rationale for im-
plementation of a single system of performance
monitoring across the sector.
League tables i. e. rankings of institutions are
commonly produced and used to compare in-
stitutions. However, problems can occur when
these rankings are unadjusted. For example, in
a study [3] of cardiac surgeons in New York,
whose individual unadjusted patient death rates
were published regularly, there was a tendency
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to avoid taking on high risk cases, which led
to a subsequent increase in mortality of cardiac
patients.
In order to reduce such dysfunctional effects,
value-added PIs are often advocated. For ex-
ample, when looking at the performance of
schools, these value-added measures are usu-
ally considered in terms of progress made, or
change in performance, between successive co-
horts of students. However, it is argued [4]
that a value-added score is an unreliable indica-
tor of school performance, and factors out with
the school are important. Factors such as gen-
der, economic deprivation, ethnicity and prior
attainment have been found to be important in
explaining differences in educational achieve-
ments [5-9]. Hence factors outside the control
of an institution can be associated with student
outcome, e. g. entry qualifications and the socio-
demographic breakdown of the student group.
The aim of this study is to implement and exam-
ine a method of comparing the performances of
further education colleges aimed at overcoming
some of the problems associated with using PIs
and value-added PIs for comparative purposes.
2. Methods
The dataset used in this study is a subset of the
data collected annually from all the further ed-
ucation colleges in Scotland. The data include
information on students who attended one par-
ticular college course (for one year) in each
of the academic years from 2002–03 through
2004–05. This comparative study includes six
colleges located in the same geographical area
in Scotland, at which this particular course is
offered. A total of 1 560 students are included
in this study. The Further Education Statis-
tics dataset contains 107 variables in the student
record, of which only a subset are used in this
analysis. The variables that were considered
as important in this study are those associated
with educational attainment, including gender,
age, deprivation, ethnicity, mode of study (i. e.
full-time or part-time study), and the number
of Scottish Certificate of Education / General
Certificate of Education (SCE / GCE) passes.
SCE / GCE grades A-C are considered passes
whereas grades D-E are fails. The outcome
variable in the study is categorised as achieving
the course qualification aim.
The data analysis follows the approach sug-
gested byLongford andRubin [10],which avoids
the use of value-added measures or direct ad-
justment of the data. In this approach, each
student is associated with a potential outcome
for each of the six colleges that he/she could
have attended, although only one outcome is
observed i. e. for the college that he/she actu-
ally attended. Thus the data have the form, (W,
Z, Y), where W indicates the college attended;
Z represents the set of background variables, e.
g. the student characteristics; and Y represents
the set of potential outcomes. Comparisonsmay
be made between the six colleges, C1 . . . C6 in
terms of summary statistics e. g. the proportion
of successful students. In order for a summary
statistics to be calculated, the dataset (W, Z, Y)
must be completed. Only W and Z are com-
pletely observed, but for Y, only the observed
outcome in the college the student attended is
known, i. e. YW is observed. The outcome Y is
missing for all 5 colleges that the student could
potentially have attended but did not attend.
The missing values of Y are imputed using the
method of multiple imputation [11], where each
missing value is replaced with M ≥ 2 imputed
values, resulting in M completed datasets. The
M complete datasets are then combined to form
one inference that reflects the uncertainty due
to “missingness” under that model. Since dif-
ferent imputations are created for a particular
missing value for each of the different data sub-
sets, the between-imputation variability can also
be estimated. In this study, M = 5 imputations
are considered, although the analysis is repeated
with M = 10 for comparative purposes.
Hot-deck imputation [11] is used to create M
imputations for each missing observation. The
method involves imputing the unobserved out-
comes for a particular student, YW by individ-
ual outcomes, Y, drawn from students with ob-
served outcomes who are “similar” to the stu-
dent in question. This is done by random selec-
tion of an observed student outcome drawn from
the subset of students who have similar back-
ground variables, Z, that are associated with
Y. In this study the background variables, Z,
were selected using logistic regression mod-
elling with student outcome as the dependent
variable. Students with unobserved outcomes
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will then have their missing outcomes replaced
with observed outcomes selected at random,
with replacement, from the donor pool of stu-
dents i. e. students who are similar with respect
to the background variables, Z. If there are less
than five observed outcomes in the donor pool,
then the subset is collapsed by excluding the
least important background variable from the
matching, and this process is repeated until the
donor pool contains at least five outcomes.
The six colleges are compared using the overall
success rate for each college as the outcome, Y.
The colleges are compared under two scenarios,
using hot-decking to multiply impute the miss-
ing observations. In Scenario 1, the success rate
is estimated as if the students attending a par-
ticular college had come from any of the other
colleges in the sector, the sector being defined
as all other colleges in Scotland offering the
same course. In Scenario 2, the success rate is
estimated for each college as if all students had
attended each of the six colleges.
Once the M imputations have been carried out
for each unobserved outcome, this givesMcom-
pleted datasets. As outlined by Rubin [12], for
each of the M completed datasets, a success
rate, Q̂, is calculated. An overall estimate of the


















Since M is finite, the total variance, T , is cor-










where df = M − 1.
Data analysis was carried out using SAS [13].
3. Results
The observed success rates in each of the six
colleges are given in Table 1. Success rates
vary between 62.6% and 87.4%, and the mean
success rate for all six colleges is 78.1%.
The results of the logistic regression modelling
show that number of SCE/GCEs (A-C), the
number of SCE/GCEs (D-E), other qualifica-
tions, age, gender, mode of study, ethnicity
and deprivation are all independently associated
with student outcome. The variables, number
of SCE/GCEs (D-E), other qualifications, and
ethnicity were excluded from the division of the
population into donor subsets since the majority
of students (84%, 88% and 97% respectively)








Mean for 6 colleges 78.1
Mean for Sector 78.5
Table 1. Success rates in each college.
Logistic regression modelling was carried out
for a second time discarding the three variables
above, in order to determine the order of im-
portance of the remaining variables for the sub-
divisions in both scenarios. The two types of
modelling results are given in Sections 3.1 and
3.2 for Scenario 1 and Scenario 2 respectively.
3.1. Scenario 1 Results
The number of SCE/GCEs (A-C) was not sig-
nificant in the logistic regression modelling,
hence age, mode of study, gender and depri-
vation (in order of importance) were used to
create the donor subgroups for Scenario 1.
Results of the imputations for Scenario 1 are
shown in Table 2. The success rate for each
college based on M = 5 imputations is given, as
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Q̂ College
for 1 2 3 4 5 6
M=5
1 0.80 0.82 0.79 0.78 0.79 0.74
2 0.80 0.77 0.79 0.77 0.82 0.74
3 0.81 0.77 0.76 0.78 0.78 0.70
4 0.75 0.81 0.72 0.80 0.63 0.73
5 0.79 0.79 0.79 0.76 0.81 0.78
Q̄ 0.79 0.79 0.77 0.78 0.79 0.74
95% Confidence Limits:
upp 0.86 0.87 0.87 0.83 0.86 0.82
low 0.72 0.72 0.67 0.73 0.72 0.65
Table 2. Imputation results for Scenario 1.
well as the overall success rate and confidence
intervals calculated using equations (1) and (4).
The actual observed success rates for each of
the six colleges, along with the overall success
rates and 95% confidence intervals based on the
multiple imputations, are presented in Figure 1.
In Figure 1, the imputed overall college success
rates tend towards the sector average (78.5%).
The imputed college success rates are greater
than the observed rates for colleges 1, 4, 5 and 6
with increases of 1.7%, 10.7%, 9.3% and 11.0%
respectively. The differences for colleges 4, 5
and 6 are statistically significant, providing ev-
idence that these three colleges are performing
Figure 1. Scenario 1: Success rates and 95% confidence
intervals – first set of 5 imputations.
worse than expected. For college 2, the ob-
served success rate of 87.4% lies just out with
the confidence interval for the imputed success
rate of 79.2%, providing evidence that this col-
lege may be performing better than it would be
expected.
To investigate whether M = 5 imputations are
sufficient, the process was repeated again by
creating another set of 5 imputations. This sec-
ond set of results shows three colleges whose
performance is significantly different from what
was expected; colleges 2 and 3 are now per-
forming significantly better, and college 4 is
performing significantly worse than expected.
Colleges 5 and 6 which were previously per-
forming significantly worse are still performing
below their imputed success rates, but the dif-
ferences are not statistically significant. The
results from the two sets of imputation analyses
appear to give inconsistent results.
The imputation process was then repeated two
more times, using M = 10 imputations to ex-
plore whether increasing M gives more con-
sistent results. The results from both sets of
M = 10 imputations give very consistent re-
sults. In both cases there is statistical evidence
that colleges 2 and 3 are performing better than
expected according to the imputation results,
whereas colleges 4, 5 and 6 are performing
worse. Results from one set of M = 10 im-
putations are presented in Figure 2.
Figure 2. Scenario 1: Success rates and 95% confidence
intervals – first set of 10 imputations.
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3.2. Scenario 2 Results
Scenario 2 allows success rates to be estimated
as if each individual college had the entire stu-
dent population of all six colleges. This sce-
nario allows comparison between colleges, and
not that of assessing one college’s performance
against the sector.
In Scenario 2, using age, mode of study, gender
and deprivation to create the donor subgroups
resulted in many subgroups with no donors or
small counts of donors. Hence the variable,
gender, was discarded, and age, mode of study
Q̂ College
for 1 2 3 4 5 6
M=5
1 0.77 0.87 0.84 0.66 0.71 0.58
2 0.77 0.86 0.86 0.67 0.74 0.57
3 0.76 0.86 0.85 0.66 0.70 0.56
4 0.77 0.88 0.86 0.70 0.70 0.59
5 0.77 0.87 0.85 0.69 0.71 0.59
Q̄ 0.77 0.87 0.85 0.68 0.71 0.58
95% Confidence Limits:
upp 0.78 0.89 0.88 0.72 0.76 0.62
low 0.75 0.85 0.83 0.63 0.66 0.55
Table 3. Imputation results for Scenario 2.
Figure 3. Scenario 1: Scenario 2: Success rates and
95% confidence intervals – 5 imputations.
and deprivation were used to create the donor
subgroups for Scenario 2.
Imputed success rates and 95% confidence in-
tervals for each college using M = 5 imputa-
tions are given in Table 3, and the results are
shown graphically in Figure 3.
Colleges 2 and 3 with imputed overall success
rates of 86.8%and 85.1%are clearly performing
better than the other colleges, whereas college 6
with an imputed success rate of 57.9% is doing
worse. College 1 is also performing better than
college 4.
The analysis is repeated for Scenario 2, using
M = 10 imputations. The results are consistent
with M = 5.
4. Conclusions
This study demonstrates that multiple imputa-
tion techniques can be employed in the compar-
ison of performance indicators for Scottish Fur-
ther Education Colleges. The method requires
unknown or unobserved values to be imputed,
and permits investigation under two scenarios.
In Scenario 1, the success rate is estimated as if
the students attending a particular college were
attending any of the other colleges in the sector.
This allows the actual college performance to
be assessed, as it allows comparison between
observed success rate at the particular college
and the estimated success rate if the students
were attending one of the other five colleges.
In Scenario 2, the method explores what might
have happened if the entire student population
of all six colleges had hypothetically attended
each of the individual six colleges, thereby al-
lowing a comparison of performance between
the six colleges. The results show that College
2 appeared to perform well in both scenarios,
whereas colleges 4, 5 and 6 appear to be under-
performing for this particular course.
This technique also allows estimates of preci-
sion to be calculated for the estimated success
rates. The results from M = 10 imputations
were more stable and more precise than for
M = 5, although 5 imputations appeared to
be sufficient in this study for Scenario 2. By
repeating the multiple imputations, results were
found to be consistent, providing assurance that
the modelling process was stable.
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One difficulty in using this method is in deter-
mining the donor subgroups for the hot-deck
multiple imputations. Having many variables
in the donor subgroup division ensures that im-
putations are selected from a similar subgroup
based on many important socio-demographic
factors. However, having too many variables
in the subgroup division leads to donor sub-
groups containing very small or zero counts of
students, which in turn causes problems in se-
lecting the imputations. Further work is needed
to investigate alternative methods for selecting
the multiple imputations, and model-based im-
putations are an attractive possibility for future
investigation.
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